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Abstract

As an analytic method to uncover interesting patterns hidden under a large volume of data, data mining research has
been actively done so far in various fields. However, current state-of-the-arts in data mining research have several
challenging problems such as being too ad-hoc. The existing techniques are mostly the ones designed for individual
problems, so there is no unifying theory applicable for more general data mining problems. In this paper, we address the
problem of classification, which is one of significant data mining tasks. Specifically, our objective is to evaluate radial
basis function (RBF) model for classification tasks and investigate its usefulness. For evaluation, we analyze the popular
Monk’s problems which are well-known datasets in data mining research. First, we develop RBF models by using the
representational capacity based learning algorithm, and then perform a comparative assessment of the results with other
models generated by the existing techiques. Through a variety of experiments, it is empirically shown that the RBF model
has not only the superior performance on the Monk’s problems but also its modeling process can be controlled in a
systematic way, so the RBF model with RC-based algorithm might be a good candidate to handle the current ad-hoc
problem.
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Attributes and their values for THE Monk's
problems.

Table 1.

57
head_shape
body_shape
is_smiling
holding

jacket_color
has_tie

el WY

round, square,octagon

round, square, octagon

yes, no

sword, balloon, flag
red, yellow, green, blue
yes, no
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Table 2. A summary of classification performance of

recent algorithms on test data for THE Monk's

problems.

g Monk's 1 | Monk’s 2 | Monk'3
Xiong et al. (2006  85% 78% 96%
Mitchell (2003)™ 97% - | 0% 93%
Casey et al. 2000®|  90% 70% 79%
Toh et al. (2005)" 76% 65% 90%
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Fig. 1. RBF model structure.
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INPUT:
X . A data matrix of size nxd
& . RC criterion taken as 0< &< 1,
Empirically, we chose 5=0.01, 0.001, and 0.0001.

o A global width chosenas in 0 < & < +/d .

ALGORITHM
1. Construct aninterpolation matrix D =[], . 4 .

- d, =expl- . <5 | f20)
2. Determine the nurnber of kermnels (m).
- Compute singular value decomposition (SVD) such that

U‘*DV=d'1}zg(s§,sg, vy
-m= ra_nk(D, 5 % é)
3. Determine kemel parameters ( 24, 4,,..., I
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Q VL. P=R_.
where V= woper left »xmelements of V.
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4. Build a design matrix ® = [dy ]:-J....A;‘;-l...,m
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Table 3. Selected models having the test efrors within

the optimal range for different & in Monks1.

s
ar

6 0 m TestCE Clzsglflirc:g’on

0.01 1.2 121 0.025 . 975%
0.001 1.2 124 0.027 97.3%
14 107 0.023 97.7%

14 124 0.014 93.6%

16 124 0.016 98.4%

1.8 124 0.012 98.8%

2.0 124 0.009 99.1%

0.0001 2.2 121 0.009 99.1%
24 112 0.019 98.1%

2.6 101 0.023 97.7%

2.8 89 0.021 979%
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Table 4. Selected models having their test errors in the
optimal range for different & in Monks2.
6 .0 m TestCE Clﬁ%&f:g;?n
0.2 169 0.181 81.9%
0.01 04 169 0.181 81.9%
0.6 169 0.181 81.9%
02 169 0.181 81.9%
0.001 04 169 0.181 81.9%
06 169 0.181 81.9%
0.2 169 0.181 81.9%
0.0001 04 169 0181 81.9%
06 169 0.181 81.9%

=0.01, 0.001, 0.00019] Al 7k #k& AHEEIA R, Z 63
o ety dme|Eel s g gaE e
a9 59 ¥719 nkel 2o FAH o §=001%1 A,
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Fig. 6. Surfaces of test erors generated over kernel
parameter (m,o) space for Monks3.
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Table 5. Selected models having their test errors in the
optimal range for different & in Monks3,

) o m TestCE Clgs‘cillf]fit;on
16 54 0.039 96.1%
2.2 16 0.035 9%6.5%
001 2.4 12 0.028 97.2%
2.6 12 0.028 97.2%
2.8 12 0.028 97.2%
30 12 0.028 97.2%
0.001 24 59 0.035 96.5%
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Table 6. Qur best models in terms of classification
performance for Monk's problems and their
classification accuracy.

Dataset o m TrainCE TestCE
(Accuracy) | (Accuracy)
Monks1 22 | 121 (18(')?%) 0.009 (99.1%)
MonksZ | 0.2-06 169 (18(')(3%)) 0.181 (81.9%)
Monks3 | 24-30 12 (83'8?2)) 0.028 (97.2%)

E 7. Monk's Problemoll ch$t 2 =EX& HolA{ef
Y 29 MY Zo 3 BER MEE
Table 7. Our best models in terms of model complexity

for Monk's problems and their classification

accuracy.

TrainCE TestCE

Dataset 0 m (Accuracy) | (Accuracy)

00 )

Monksl 28 89 (100%) 0.021 (97.9%)

N 00 .

Monks2 0.2-06 169 (100%) 0.181 (81.9%)

i 0066 .

Monks3 24-30 12 (93.4%) 0.028 (97.2%)
3HE B TS F4 49 &8 EF As5E Ve
WA 2de) e Wold A7) Rdz 4Pd 3
%E wol%T Yitt. 53|, Monksl®) % 74el 715
7t & 69 121914 897R= AA AT Wi 2R Ag
EE 01%14 G19%E ot RelASE ¢ 4 dlrh
w3 g9 HAE o4 EHEOY 2, 4 6)dHE

Hehtbzol & 6, 74 AlAE Blojejdx O Fe
E‘r* He W] ALY FmF A Fo)el 3t
35 Uehde ¢ & Ao A 2d &
?&EH‘ -Ervar s F T el wt nde HH
€ A8 AAToEN AA A 7P
A Ao 2 §54 A A9 5 o

(arbltranness) Aol de dHkEd g2 gE B
g2 PPSo Hdl, Abgo] folF et opet Fo
A 870 w2t HHe 2dg A F g

Sradah 3)
o 54 W] ad ey RHelN xgHem
o9 4 gleze auar,



42

b0

0
i
ro

[1] L. Breiman, JH. Friedman, R.A. Olshen and C.J.
Stone, Classification and Regression Trees,
Wadsworth, 1984.

GV. Kass, "An Exploratory technique for
investigating large quantities of categorical data,”
Applied Statistics, pp.119-127, 1980.

D. Michie, D.]J. Spiegelhalter and C.C. Taylor
(eds), Machine learning, Neural and Statistical
Classification, Ellis Horwood, 1994.

Q.Yang and X. Wu, "10 Challenging problems in
data mining research,” in presentation slides of
IEEE conference on Data Mining, 15. Dec, 2005.
SB. Thrun et al, "The Monk's problems: a
performance comparison of different learning
algorithms,” Technical Report CMU-CS-91-197,
Carnegie Mellon University. 1991.

H Xiong, MN. S. Swamy, and M. Omair
Ahmad, "Optimizing the kemel in the empirical
feature space,” IEEE Transactions on Neural
Networks. March 2005.

M. W. Mitchell, "An architecture for situated
learning agents,” Ph.D. Dissertation, Monash
University, Australia, 2003.

(2l

(3]

4]

(5]

6]

(71

EECS dept. (Ph.D)
1999d ~20053 3¥ I ARFAATY
A9 A+ :
49 ~dA ZAE5UEgR AAA7)HFEH
g zug
<FHHE : HHAY

L |

2005

, vhol e QI oy 2>

Monk's Problemo] &5t 7} A2t RBF 2HIS M5 I&

PSPV
Al o] FAHIY)
19913 A e ALkaEta
AL 4.
19939 AM i Ak E
AAL £4.
1998'd ¥| = Syracuse Univ.,

(495)

Al
—

ng 2

[8] M. Casey and K. Ahmad, "In-situ leamning in
multi-net systems,” Lecture Notes in Computer
Science, vol. 3177, pp. 752-757, 2004.

K Toh, QL Tran and O. Srinivasan,
"Benchmarking a reduced multivariate polynomial
pattern classifier,” IEEE Trans. on Pattern Anal.

(9]

and Machine Intelligence, voll6, no.2, pp.
460-474, 2005.

[101S. H Huang, "Dimensionality reduction in
automatic knowledge acquisitiont a simple

greedy search approach,” IEEE Transactions on
Knowledge and Data Engineering. vol. 16, no. 6,
pp. 1364~1373, 2003.

[11]1S. Saxon and Alwyn Barry, "XCS and the
Monk's problefns in leaming classifier systems:
from foundations to applications,” P.L. Lanzi et
al, Ed, Lecture Notes in Computer Science, vol.
1813, pp. 440-448, 2000.

[12]1 A. L. Goel and Miyoung Shin, "Radial basis
functions: an algebraic approach (with data
mining applications),” Tutorial notes in European
conference on Machine Learning, Pisa, Italy,
September 2004.

Agojat Aol ASet
Ak 24,

Negstn AoiA=Fe
Nk E9.
Agchgn 8717 FE
o WAl 29,

2001 ~2005¢ 3¥ A4 ARFAATAL
A7

49~3A BRASEE ARA71HFE
gy zas

<FBAECE : ol FFA, Bubd ] Ale] >

2001

2005



